Paroxysmal nocturnal hemoglobinuria (PNH) is an acquired clonal blood disorder that manifests with hemolytic anemia, thrombosis, and peripheral blood cytopenias. The disease is caused by the deficiency of two glycosylphosphatidylinositols (GPI)-anchored proteins (CD55 and CD59) in the hemopoietic stem cells. The deficiency of GPI-anchored proteins has been associated with the somatic mutations in phosphatidylinositol glycan class A (PIGA). However, the mutations that do not cause PNH is associated with the multiple congenital anomalieshypotonia-seizures syndrome 2 (MCAHS2). To best of our knowledge, no computational study has been performed to explore at an atomistic level the impact of PIGA missense mutations on the structure and dynamics of the protein. Therefore, we focused our study to provide molecular insights into the changes in protein structural dynamics upon mutation. In the initial step, screening for the most pathogenic mutations from the pool of publicly available mutations was performed. Further, to get a better understanding, pathogenic mutations were mapped to the modeled structure and the resulting protein was subjected to 100 ns molecular dynamics simulation. The residues close to C-and N-terminal regions of the protein were found to exhibit greater flexibility upon mutation.
Introduction
Paroxysmal nocturnal hemoglobinuria (PNH) is an acquired clonal hematopoietic stem cell (HSC) disorder that affects 1-2 people per million, with an average age of 35-40 years. Even though PNH is rare, there is substantial knowledge about its pathophysiology and significant molecular defects (Lee and Abdel-Wahab, 2014) . If deprived of the treatment, PNH is a life-threatening disease that manifests with intravascular hemolysis, pancytopenia, bone marrow failure, and venous thrombosis (Brodsky, 2008; Nishimura et al., 2004; Parker, 2002; Soci e et al., 1996) . Hemolysis of PNH is complement-mediated, which triggers due to the deficiency of complement regulatory proteins on the surface of PNH cells (Brodsky, 2008) . The disease commences with the growth of a hematopoietic stem cell that has a severe lack or absence for glycosylphosphatidylinositols (GPI), a glycolipid moiety that anchors above 150 different proteins to the cell surface. The deficiency of GPI anchor in almost all PNH cases is the result of a somatic mutation in phosphatidylinositol glycan class A (PIGA), a X-linked gene that encodes an enzyme crucial for the first step involved in the biosynthesis of GPI anchor proteins (GPI-APs) (Bessler et al., 1994; Miyata et al. 1993 Miyata et al. , 1994 Takeda et al., 1993) .
The deficiency in two of complement inhibitory GPI-APs (CD55 and CD59) in the erythrocytes results in a chronic complement-mediated hemolysis and additionally leads to the activation of platelets, monocytes, and granulocytes (Medof, 1984; Rollins and Sims, 1990) . Similarly, complement activation occurs because of the loss of CD55 and CD59 in PNH patients that elucidates the susceptibility to thrombosis in this disorder (Lee and Abdel-Wahab, 2014) . PIGA gene encodes a protein with 484 amino acids, which is expressed in a wide variety of tissues inclusive of brain, liver, heart, and blood cells (Belet et al., 2014) . PNH associated Somatic PIGA mutations have been documented in OMIM (OMIM: 300818, PNH1) and UNIPROT (UniProtKB -P37287) databases. Contrasting somatic PIGA mutations, germline mutations were not yet seen until recently. Based on trials in mice as well as both murine and human embryonic stem cells it has been suggested that germline PIGA mutations could be lethal (Tarailo-Graovac et al., 2015) .
Based on X-chromosome exome next-generation sequencing screening, the authors (Johnston Jennifer et al., 2012) recognized a PIGA germline nonsense mutation in two siblings to be associated with early epileptic encephalopathy and hypotonia, cleft palate, brain anomalies (myelination abnormalities and thin corpus callosum), cardiac anomalies and early death. In addition, recently, four clinical reports were also reported in patients with germline PIGA mutations displaying a wide range of phenotypes and clinical diagnoses (Belet et al., 2014; Kato et al., 2014; Swoboda et al., 2014; van der Crabben et al., 2014) , inclusive of Ferro-Cerebro-cutaneous syndrome (FCCS) (Swoboda et al., 2014) , multiple congenital anomalies-hypotonia-seizures syndrome 2 (MCAHS2) (Kato et al., 2014; van der Crabben et al., 2014) , and West syndrome (Kato et al., 2014) . Frameshift and missense mutations nonsynonymous SNPs (nsSNPs) of PIGA gene were also reported, which abolished the function of the encoded protein (Brodsky, 2014; Nafa et al., 1995) . In this study, our primary interest is to prioritize the nonsynonymous SNPs (nsSNPs) that are most likely to alter the structure and function of the protein, since their appearance in more than half of gene Maximum of variance-covariance matrix is 1.0 (dark red) and minimum is -0.9 (dark blue), intermediate values are shown in yellow. In (a) for wild type, in (b) for mutant G48D, in (c) for mutant P93L, in (d) for mutant G239R and in (e) for mutant L355S, protein complexes. In plots (b-d), regions that displayed significant differences with respect to wild type protein are highlighted with pink rectangle.
abnormalities, associated with the development of the disease (Krawczak et al., 2000) , have been reported. To the best of our knowledge, this is the first comprehensive in-silico investigation in comprehending the impact of the PNH and MCAHS2 associated PIGA mutations on the protein structure and function. To do so, we applied a sequence-based and a structure-based analysis; along with the other tools that allowed integrating the features of both sequence and structure to prioritize the disease-associated nsSNPs of PIGA protein. We used a suite of many software such as, SIFT (Kumar et al., 2009 ), PolyPhen2 (Adzhubei et al., 2010) , SNAP (Bromberg and Rost, 2007) , mutationassessor (Reva et al., 2011) , PROVEAN (Choi and Chan, 2015) , I-Mutant3.0 (Capriotti et al., 2008) , Align GVGD and (Tavtigian, 2005) to predict the pathogenicity level of 14 nsSNPs related to PIGA, which have been reported in the UNIPROT databases (UniProtKB -P37287).
Computer simulation, at the molecular level, has drawn considerable interest over the past decade (Elber, 2016) , and serves as a complement to traditional experiments, permitting us to study something new, which cannot be determined in different ways. In this context, to obtain molecular insight into the structure-function relationship, we constructed the homology models for the PIGA protein using the Robetta server (Kim et al., 2004) . The model structures were validated using RAMPAGE (Lovell et al., 2003) and the best structure was selected. Furthermore, for the most pathogenic mutations, in-silico mutation was performed to obtain the best model structure for the mutants. Finally, we performed the MD simulation of native and the four mutants for 50 ns each, using NAMD (Phillips et al., 2005) . The proposed theoretical, computational approach allows a better comprehension of the atomic system of the functional SNPs related to the PIGA protein associated with PNH disease, and additionally a framework for the future experimental evaluation.
Material and methods

Data retrieval
We fetched the missense mutations data from UNIPROT (Bairoch, 1996) and HGMD databases (Stenson et al., 2013) . The sequence information of PIGA protein (484 amino acids) was retrieved from the UNIPROT database (ID: P37287).
Screening of missense mutations
The analysis of the captured mutations was executed using pathogenic and stability based in silico prediction methods. SIFT (Kumar et al., 2009 ), PolyPhen-2 (Adzhubei et al., 2010) , SNAP (Bromberg and Rost, 2007) , mutationassesor (Reva et al., 2011) , PROVEAN (Choi and Chan, 2015) , I-Mutant 3.0 (Capriotti et al., 2008) and Align GV-GD (Tavtigian, 2005) tools were utilized for predicting the deleterious missense mutations, which might have a phenotypic effect. SIFT tool uses the sequence homology to predict if the mutation alters the function by designating amino-acid residues as functionally deleterious or neutral. SIFT program is based on the well funded hypothesis that essential amino acid residues will be conserved in protein family and alterations at well-conserved positions have a tendency to be predicted as deleterious. The SIFT tools provide a normalized probability score for each substitution. If the probability score is lesser than 0.05, then the observed mutation is categorized as deleterious, and for the score greater than 0.05 as neutral (Kumar et al., 2009) . PolyPhen 2.0 utilizes sequence as well as structure-based attributes and uses a naive Bayesian classifier to predict the pathogenic effect of an amino acid substitution on stability and function of the protein. PolyPhen 2.0 functionally annotates the SNPs, extracts annotations and structural attributes of the protein sequence, maps coding SNPs to gene transcripts, and builds conservation profiles. Based on a combination of all these properties the probability of the missense mutation is computed. Based on the position specific independent count (PSIC) score difference, Polyphen 2.0 tool categorizes the mutants with scores between 0 to 1, such as benign [0, 0.02], possibly damaging [0.02, 0.85] and probably damaging [0.85, 1] (Adzhubei et al., 2010) . SNAP uses the neural network methodology (a machine learning technique) to predict the effect of nsSNPs. It only requires the sequence information, however improves the prediction from structural as well as functional annotations, if accessible. SNAP additionally has incorporated the different class of solvent accessibility (buried, intermediate, and Protein fluctuation along top two principal components (PC1, PC2) for WT and mutant systems over last 50 ns simulation period. Wild type (WT) protein is used as a reference system for comparison with (a) mutant G48D, in (b) for mutant P93L, in (c) for mutant G239R and in (d) for mutant L355S, respectively. exposed) for nsSNPs analysis. For each amino acid SNAP generates the three outputs, which are reliability index (RI, ranges from 0 to 9), binary prediction (neutral or non-neutral), and expected accuracy (Bromberg and Rost, 2007) . Moreover, we used mutation assessor, which classified the mutations that show high, medium, and neutral impact on protein based on conserved evolutionary patterns (Reva et al., 2011) . Additionally, we also used the PROVEAN tool to assess the pathogenic effect of the missense mutations, which classified the mutations into two categories, either deleterious or neutral. Next, we used the I-Mutant3.0 (Capriotti et al., 2008) to predict the stability of the protein after mutation. I-Mutant3.0 uses a support vector machine (SVM) algorithm to categorize the mutations based on their stability and computes the free energy change (DDG) of the mutant protein. A DDG score less than -0.5, represents that the mutation largely destabilizes the protein, greater than 0.5, represents that the mutation primarily stabilizes the protein and a DDG score ! -0.5 and 0.05; shows a weak effect on protein stability (Capriotti et al., 2008) . Further, we predicted the pathogenic missense mutations based on a physicochemical property of amino acids by using the Align-GVGD server. The server calculates the degree of likeliness of a mutation to be deleterious or neutral based on the output spectrum ranges from C0, C15, C25, C35, C45, C55, and C65. In the spectrum, if the obtained score is C0, then the mutation is least likely to be deleterious, and if the score is C65, then the mutation is most likely to alter the function (Tavtigian, 2005) . Furthermore, PredictSNP (Bendl et al., 2014) , and istable (Chen et al., 2013) tools were also used to validate our findings. Fig. 8 . Free energy landscape representation for the systems investigated. The most populated cluster (cluster-1) has been highlighted in each of the cases. In (a) for wild type, in (b) for mutant G48D, in (c) for mutant P93L, in (d) for mutant G239R and in (e) for mutant L355S, protein complexes.
Homology modeling
Because of the absence of three-dimensional crystal structure PIGA protein, we performed the homology modeling using Robetta server (Kim et al., 2004) . The sequence length of the PIGA protein is 484 amino acids, whereas the model structure has 420 amino acids. The Robetta server generates the total five models for PIGA protein; we selected the best model based on Ramachandran plot validation obtained from RAMPAGE server (Lovell et al., 2003) . The best model showed 96.9% residues in the favoured region, 2.9% residues in allowed region and 0.2% residues in outlier region, which suggest that the modeled structure is good enough to proceed for further analysis. Further, the mutations predicted to be most pathogenic were mapped to the best model structure using Swiss PDB Viewer (Schwede, 2003) . Further, each structure was subjected to energy minimization to make the structure relaxed by removing any bad contacts and steric hindrance.
Molecular dynamics simulation
The missing hydrogen atoms in the modeled native PNH and four mutants: G48D, P93L, G239R, L355S (Fig. 1) , were built using psfgen package of VMD software (Humphrey et al., 1996) . Each system was then Fig. 9 . Comparative analysis for the native (WT) protein and the mutants (G48V, G48D). In a) RMSD plot, b) RMSF plot, and the arrows indicate the position of other missense mutants and the region close to residue 48 has been highlighted with a pink box, and in c) radius of gyration plot.
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Heliyon 5 (2019) e02709 immersed in a box of~9250 water molecules, and counterions were added to obtain a neutral system. The initial dimension of the simulation box was 102 Â 85 Â 86 Å 3 , for a total of~70000 atoms. We used TIP3P parameters (Jorgensen et al., 1983) for water molecules and Charmm22 force-field parameters for protein atoms. The correct protonation state of the residues was assigned using Propka software (Rostkowski et al., 2011) . Each individual complex was energy minimized and heated to 300 K in steps of 30 K with initial positional constraints of 50 kcal/(mol Å 2 ) on carbon alpha atoms. The positional constraints were then gradually released in steps of 10 kcal/(mol Å 2 ). After completely releasing the constraints an equilibration run of 3ns was performed. The simulations were performed for 100 ns in NPT ensemble with T ¼ 300 K and 1 atm pressure. The analysis was performed on the last 50 ns. Further details of the parameters used in molecular dynamics (MD) simulations have been described in our previous works (Kumar et al. 2013 (Kumar et al. , 2015 (Kumar et al. , 2018 . MD simulations were performed employing NAMD (Phillips et al., 2005) software package on 64 processors cluster (Kumar et al., 2014) . Analysis was performed using Carma software package (Glykos, 2006) .
Results and discussion
The aim of our study is to examine the potential mechanisms by which disease-related missense mutations may influence PIGA proteins, employing relevant computational tools, such as structural bioinformatics, molecular modeling, and MD simulations. Missense mutations have been related to several genetic diseases, though; some of the missense mutations do not alter the protein function, and hence does not show the disease consequences (Minde et al., 2011) . Prevalent sequence-based predictors (e.g., SIFT (Ng and Henikoff, 2003) PolyPhen-2 (Adzhubei et al., 2010) , SNAP (Bromberg and Rost, 2007) , mutationassesor (Reva et al., 2011) , PROVEAN (Choi and Chan, 2015) , and Align GV-GD (Tavtigian, 2005) suggest whether or not a missense mutation can be deleterious to the function of the encoded protein.
Whereas, structure-based predictors (e.g., I-Mutant 3.0 (Capriotti et al., 2008) ) evaluate the protein structure for particular mechanistic alterations. The time-dependent and three-dimensional dynamical and structural information revealed by MD simulation adds value to sequence-based as well as structure-based computational predictions, and further allows a more detailed inference to the structures at the molecular level. In this study, by using a series of sequence as well as structure based in-silico tools, we screened the pathogenic mutations from the pool of missense mutations available in the UNIPROT (Bairoch, 1996) , and HGMD (Stenson et al., 2013) databases.
In silico screening of mutants
Out of 14 missense mutations, SIFT predicted eight mutations as deleterious with a score of zero and three mutations with a score range of 0.1 to 0.05 (Table 1) . PolyPhen-2 tool predicted 12 mutations as probably damaging with a score ranging between 0.85 and 1, and two mutations were predicted as benign with a score ranging between 0 and 0.2 (Table 1) . SNAP predicted 13 mutations as non-neutral and one mutation as neutral. Moreover, mutation assessor predicted six mutations with highly destabilizing effect, six mutations with medium effect and two mutations with neural effect (Table 1) . PROVEAN predicted 12 mutations as deleterious and two mutations as neutral (Table 1) .
Further, I-Mutant 3.0 predicted seven mutations that could destabilize the protein structure with a delta G score less than -0.5. Rest of the seven mutations showed less impact on protein structure with delta G score ranging between -0.5 and 0.5. Hence, all the captured mutations predicted by I-Mutant3.0, could decrease the stability of the protein (Table 1) . Align-GVGD predicted ten mutations as most deleterious and classified as class C65 (most likely to alter the function, see Methods) and the remaining four mutations as less likely to be interfering with the function of the protein (Table 1) . Finally, consensus mutations that were predicted to be deleterious using different computational tools were found to be most pathogenic and utilized for further analysis. In detail, the four missense mutations G48D, P93L, G239R, and L355S, were predicted to be deleterious and destabilizing by in silico prediction methods, which could be pathogenic and disease-causing by altering the stability of the PIGA protein (Table1). Among these four mutations, G48D and G239R have been reported to be associated with paroxysmal nocturnal hemoglobinuria 1 (PNH) (Nafa et al., 1998) . While, P93L and L355S mutants have been reported to be associated with multiple congenital anomalies-hypotonia-seizures syndrome 2 (MCAHS2) (Trump et al., 2016; van der Crabben et al., 2014) . Furthermore, the four missense mutations were also confirmed using PredictSNP (Bendl et al., 2014) , and istable (Chen et al., 2013) tools. Moreover, in previous studies relation of missense mutations to other diseases has been also reported (Ali et al., 2017; P et al., 2017) .
Molecular dynamics simulation analysis
These four most pathogenic mutations obtained from in-silico tools were further mapped to the structure. Molecular dynamics (MD) simulation technique has been progressively utilized to reveal the impact of mutations over the stability of protein structure at atomistic level and the role of each residue in the native as well as in the mutant structures (Thirumal Kumar et al. 2019a Kumar et al. , 2019b . Hence, to have the more detailed insight on the effect of mutations over the structure and dynamics of the protein, MD simulation of native wild type and the four pathogenic mutants (screened by series of in-silico tools) were performed. The resultant trajectory files generated from last 50ns run of MD simulation were subjected to several analyses, such as root mean Square Deviation (RMSD), root mean square fluctuations (RMSF), radius of gyration (Rg), and solvent accessible surface area (SASA) calculations as a preliminary step to analyse the convergence, protein stability, compactness, hydrophobic and hydrophilic nature of the protein systems. Furthermore, the overall variations in fluctuation were measured using the covariance matrix and principal component analysis (PCA).
Root mean square deviation
RMSD of carbon alpha (C-alpha) atoms of native and mutant proteins were analysed to examine the convergence, i.e. stable conformation of the trajectory files. We observed the lowest value of RMSD for the native case. Among the four mutants G48D displayed highest RMSD value, while the other three mutants displayed quite similar RMSD values (Fig. 2) . A higher RMSD value indicates a decrease in the stability of the protein (Agrahari et al., 2017; Yun and Guy, 2011 ) and a lower RMSD value illustrates relatively stable protein structure ((Agrahari et al., 2018a; Agrahari et al. 2018b; Agrahari et al. 2017 ). Thus, with this preliminary and very simple tool the four-missense single point mutations investigated were found to have a potential impact on the protein stability.
Root mean square fluctuation
Fluctuations of the residues in the protein arise as a crucial element in determining the biological function, instructing that functional positions of the protein are often uniquely coupled with structural fluctuations (Eaton et al., 1991; Ikeguchi et al., 2005; Levy and Onuchic, 2006) . At different time interval, the subtle and substantial flexibility differences can be correlated to the functional dynamics of the protein (Agrahari et al., 2018b) . We calculated the flexibility of each residue of the native and all the mutants to inspect the local and overall dynamic changes.
The c-and n-terminal residues in all the cases display the highest fluctuation (Fig. 3) . Overall, protein in the native form displayed lower flexibility than all the four mutants (G48D, P93L, G239R and L355S). Mutation G48D was found to influence protein flexibility, both on a local and global scale. Interestingly, this same mutant displayed highest RMSD value. Mutation P93L resulted mainly in local modification of protein A.K. Agrahari et al. Heliyon 5 (2019) e02709 flexibility. For mutant G239R protein we note increase in fluctuation in the range of residues 150-180 and 300-330. Lastly, for mutation L355S we observed modification in protein flexibility for residues in ranges 90-100, 210-220 and 270-280. The RMSF analysis suggested that all the investigated mutants are able to alter the local and overall flexibility of the protein and in consequence change the stability, which further potentially change the function or the interactions with other proteins.
Radius of gyration
The radius of gyration (Rg) is an important parameter that allows measuring structural compactness, overall folding and shape of the protein. In Fig. 4 , variation of Rg for PIGA native and mutant proteins at a different time interval has been shown. We examined the Rg to inspect the conformational changes and dynamic stability of native and mutant PIGA proteins. A lower Rg score designates better compactness of the protein structure (Agrahari et al., 2017; Lobanov et al., 2008; Sneha and George Priya Doss, 2016) .
The Rg (Fig. 4) of native protein displayed the lowest value than the four mutants (G48D, P93L, G239R, and L355S). Mutant G48D protein displayed the highest value of Rg, consistent with highest RMSF and RMSD values. During the last 10 ns, mutant G239R and P39L proteins displayed similar values. While, mutant L355S displayed similar values of native for the last 10 ns of MD simulations. The Rg analysis suggested that the observed differences between the native and mutant cases, could affect the overall structure conformation and folding pattern of the protein.
Solvent accessibility surface area
Furthermore, we calculated the SASA to examine the behavior of hydrophobic and hydrophilic residues of PIGA protein. SASA predicts the residues present at the surface (hydrophilic) and residues present in the core of the protein (hydrophobic).
It has been shown previously that changes in the SASA pattern can explain the alteration in the structure of the protein (Agrahari and George Priya Doss, 2015; Agrahari et al., 2018b; Agrahari et al., 2017) . We noted a similar trend for SASA ( Fig. 5) as Rg. Native and mutant proteins (G48D, P93L, G239R, and L355S) were also found to exhibit quite similar pattern, with variation in their SASA values between 210-245 nm 2 . The SASA analysis indicated all mutant protein systems to display subtle change of their solvent accessibility compared to the native. Thus, these subtle structural rearrangements could affect the stability and function of the PIGA protein.
Covariance matrix analyses
The covariance matrix calculation provides details of collective motions of the atoms in the protein instead of its local fluctuations. The knowledge of correlated motions is crucial to understand the critical biological functions, such as protein-ligand and protein-protein interactions as well as dynamics stability of protein (Ichiye and Karplus, 1991) . Collective motion of the atoms plays a major role in the more substantial fluctuations of the protein atoms. Atoms with similar long-time behavior belong in a same collective group and move in a correlated manner (Ichiye and Karplus, 1991) . Many covalent and non-covalent interactions interconnect atoms within the protein. These huge complex interconnected networks give rise to correlated dynamics of atoms, where interference or motion of one structural component displays the covariance with the positional displacements of other components. Hence, over a given time-scale, protein atoms exist in sub-states of a correlated ensemble that covers a huge configurational space. The amino acid mutations alter protein structural dynamics in the range of picosecond time in MD simulation studies. In this way, the knowledge of correlated motions of such a system is essential for understanding the structure-function relationships (Theobald and Wuttke, 2008) .
The dynamic cross-correlation fluctuation calculation involves generation of covariance matrix whose elements (C ij ) can be represented as a cross-correlation map (Fig. 6) . The cross-correlation coefficients were computed on C-alpha atoms of the last 50 MD trajectories of the native and mutant systems.
As expected, we observe a strong correlation along the diagonal for the native (Fig. 6a) as well as the mutant systems ( Fig. 6b-e ). However, we also observed strong correlated fluctuations for off-diagonal regions. The regions highlighted in pink for the mutant cases are the ones that exhibit significant differences with respect to the native simulations. Consistent with the above observations, for the mutant G48D (Fig. 6b ) case we found many regions to display divergent correlated fluctuations with respect to the native one. However, we also observe some regions in the other three mutant cases to display different correlation with respect to the native protein. Thus, from the analysis of the correlation matrix, we can conclude that no mutant system showed a similar pattern of correlations as observed in the native protein. Thus, from the analysis of the correlation matrix, we can conclude that no mutant system showed a similar pattern of correlations as observed in the native protein. In a recent study, the authors reported that altered protein structural conformations were due to a change in the correlated movements and dynamics pattern of the atom pairs (Ndagi et al., 2017) . In this context, the observed altered correlation confirms the altered structural conformation due the atomic rearrangements induced by the G48D, P93L, G239R, and L355S mutations.
The outcome of covariance analysis suggested that each mutation has the potential to affect the function by changing the structural conformation of the native PIGA protein.
Principle component analysis
The PCA was calculated using the outcome from the covariance matrix on 25000 frames of final 50ns MD simulation trajectory. The estimation of functionally significant global aggregate movement of the protein is a very demanding task. PCA minimizes the difficulty of identifying global aggregate motions of protein, as it filters collective motions (often slow) from the local fast motions (Amadei et al., 1993) . These crucial atomic fluctuations of a protein can be directly associated with the dynamic stability and function of the protein.
The PCA plot (Fig. 7) allows representing the global dynamics of the protein in the essential subspace of the full system phase space (Kumar and Delogu, 2017) . Each point represents fluctuations of protein during MD simulations. In general, we note the global fluctuations in the four mutant systems to cover larger subspaces. With respect to wild-type simulations, protein dynamics analysed in mutant proteins G48D, G239R and L355S covered much larger subspace along both PC1 and PC2 components, while only along PC2 for mutant P93L protein was observed. In this manner, PCA provides a clear picture of atomic fluctuations of native and all the mutants (G49D, P93L, G239R, and L355S) of PIGA protein. Moreover, the PCA analysis also proved that G49D, P93L, G239R, and L355S mutations, might have an impact on altering the structure and function of the PIGA protein. More substantial changes in the collective motions are liable to reduce the dynamic stability of a protein (Agrahari et al., 2017) , which were detected in the case of mutants. Subsequently, free energy landscapes on the principal component planes defined by eigenvectors pair 1-2 were obtained for the native and mutant cases were obtained (Fig. 8) . The color spectrum of energy landscape plot ranges from blue to red, where blue color dictates the global minima conformation associated to the highest stable state of the protein and the red color dictates the lower stable state of the protein.
Cluster analysis was performed using the top three principal components to identify distinctive grouping of the protein conformations. Trajectory frames that constitute the core of the most populated cluster was denoted as cluster 1, which is considered to be the most relevant state and corresponds to a specific chemical configuration of the protein, as sampled during MD simulation. The RMSD from the average structure in cluster 1 was highest for G48D mutant case (~1.5 Å). Therefore, the altered conformation of the mutant proteins structure in comparison to the native protein suggested a changed functional behaviour of the protein (Agrahari et al., 2017; Kamaraj and Purohit, 2013; Nagasundaram et al., 2015; Tavtigian, 2005) . FEL analysis outcomes were in concordance with the results of RMSF (Fig. 3) and Rg analysis (Fig. 4) , SASA (Fig. 5) , and covariance fluctuation (Fig. 6 ).
MD simulation analysis for mutant G48V
In order to validate our analysis, we performed simulation of a null mutant G48V complex and compared the results with missense mutant G48D. In detail, we provide a comparison between the WT, G48D (MUT1) and G48V systems, by analyzing root mean square deviation (RMSD, Fig. 9a ), root mean square fluctuation (RMSF, Fig. 9b ), radius of gyration (Rg, Fig. 9c ).
It is evident from Fig. 9a that the impact of mutation G48V is less pronounced than G48D reflected from lower RMSD value. RMSF plot in Fig. 9b clearly indicates a much lower fluctuation for the G48V mutant system than G48D. In particular, for the missense mutant G48D mutant, we note higher fluctuations than G48V in the region close to mutation site. Furthermore, we note that G48V displays lower Rg than mutant G48D, which is consistent with lower RMSD and RMSF values. Therefore, our analysis indicated the impact of G48V mutation on the overall structural dynamics of the protein to be lesser than for G48D mutant system. This behavior was expected, as mutation from glycine (G) to aspartic acid (D) causes change in both size and hydrophobic nature, while G to valine (V) predominantly changes only in the size.
Conclusion
In the current study, we have performed molecular dynamics (MD) simulations to examine the impact of four most pathogenic mutations (G49D, P93L, G239R, and L355S) screened from a suite of in-silico tools. We explored several molecular properties of native and mutant proteins, such as atomic flexibility, compactness, and correlated motions. From these analyses, we can conclude that all the mutants result in altering the structural conformation and dynamical stability of the PIGA protein. The impact of null mutation G48V on the structural dynamics of the protein was significantly lower with respect to the G48D mutant. The impact of mutation G48D on the structural dynamics of the protein was found to be the highest.
In this way, our outcomes confirmed the pathogenic nature of (G49D and G239R) as well as (P93L, and L355S) mutations and their association to Paroxysmal nocturnal hemoglobinuria 1 (for G49D, P93L) and Multiple congenital anomalies-hypotonia-seizures syndrome 2 (for MCAHS2), respectively. The advancement of more modern computational prediction tools is required in the future for the assessment of variations, which will reveal insight into the potential genotypephenotype relationship, and will aid in drug designing and novel personalized drug discovery for genetic diseases.
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